1. Introduction
===============

Gastric cancer (GC) is the 4th most common malignancy worldwide.^\[[@R1]\]^ In Eastern Asia, GC remains a leading cause of cancer mortality and severe public health problems.^\[[@R2]\]^ Most of the patients with GC are diagnosed at advanced stages and have a high risk of death due to tumor recurrence and respond poorly to subsequent chemotherapy.^\[[@R3]\]^ Nowadays, invasive procedures, like enhanced computed tomography (CT) and endoscopy, remain the gold standard for confirming and staging GC. However, these procedures are expensive and difficult to expand to daily screening.^\[[@R4]\]^ Noninvasive markers, like carbohydrate antigen (CA) 19--9 and carcinoembryonic antigen (CEA), are widely applied to runtime practice but have restricted efficiency.^\[[@R5]\]^ Traditional approaches are not appropriate for precise risk stratification and treatment. Meanwhile, patients with equal clinical or pathologic conditions have different clinical outcomes. The patients' genetic heterogeneity contributes most to the inherent clinical and molecular diversities of GC.^\[[@R6]\]^

Recently, researchers have established numerous gene expression signatures for patients' stratification and have constructed prognostic multigene-expression signatures that can divide GC into different risk groups.^\[[@R7]--[@R10]\]^ Unfortunately, none have been applied to routine clinical practice owing to issues such as overfitting on small discovery data sets and lack of sufficient validation cohorts, and this might reduce the power and robustness of statistical conclusions.^\[[@R11],[@R12]\]^ Increasing evidence shows that the immune system plays a critical role during cancer initiation and progression.^\[[@R13],[@R14]\]^ Several studies have depicted a possible association between programmed death-1 (PD-1) or cytotoxic T-lymphocyte associated antigen 4 (CTLA-4) polymorphisms and the development of GC.^\[[@R15],[@R16]\]^ Considering their prognostic potential in GC,^\[[@R17],[@R18]\]^ the molecular characteristics of immune interaction should be extensively studied.

In this study, we analyzed immune-related genes from large amounts of GC transcriptional data. Combination of multiple immune biomarkers was developed to construct a prognostic immune-related gene signature (IRGS). Furthermore, the prognostic prediction value of the IRGS was systematically validated. This would help to make the therapeutic strategy for patients with GC.

2. Materials and methods
========================

2.1. Ethical approval
---------------------

The researchers were granted approval to conduct the research by their Departmental Research Ethics Committee at the Beilun People\'s Hospital, Ningbo, China. All the procedures were performed in accordance with the Declaration of Helsinki and relevant policies in China.

2.2. Public datasets
--------------------

This study used public data to do a comprehensive analysis. The complete lists of selected all gene expression profiles (GEP), related accession numbers and corresponding publications are given in Supplemental Table 1. In total, 3 independent datasets from different technical platforms were used in this study, including Cristescu (GSE62254, *n* = 300),^\[[@R6]\]^ Lee (GSE26253, *n* = 277),^\[[@R19]\]^ and Yong (GSE84437, *n* = 433). Gene expression data together with clinical profiles were downloaded from Gene Expression Omnibus (GEO <http://www.ncbi.nlm.nih.gov/geo/>). In total, 1010 cases were analyzed in this study. For each data set, the expression profiles were collapsed from probe-level to the corresponding gene symbols based on the annotation platform of each set.

2.3. Identification of a prognostic IRGS
----------------------------------------

The identification of prognostic IRGPs was performed as described previously.^\[[@R20]\]^ We constructed a prognostic IRGS by focusing on 1811 immune-related genes (IRGs) downloaded from the ImmPort database ([https://immport.niaid.nih.gov](https://immport.niaid.nih.gov/)) ^\[[@R21]\]^ and selected IRGs that were measured by all platforms involved in this study. The IRGs with relatively high variation (determined by MAD \> 0.5) in the training cohort were selected. Prognostic IRGs were further selected using the Cox proportional hazards regression against 1000 randomization (80% of all patients each time) test to assess the association between each IRGs and patients' overall survival (OS) in the training cohort. The selected prognostic IRGs showing as a robust predictor (\>95% times significant) were candidates to construct the IRGS. In order to minimize the risk of over-fitting and generate a risk model, we applied a Cox proportional hazards regression model on GC samples combined with the least absolute shrinkage and selection operator (LASSO). The penalty parameter was estimated by 10-fold cross-validation in the training data set at the minimum partial likelihood deviance. To stratify patients into low or high-risk groups, the optimal cut off of the IRGS was determined using time-dependent receiver operating characteristic (ROC) curve analysis (survivalROC, version 1.0.3) ^\[[@R22]\]^ at 10 years OS in the training cohort. The IRGS corresponding to the shortest distance between the ROC curve and point representing the 100% true positive rate and 0% false-positive rates was used as the cutoff value.

2.4. Validation of the IRGS
---------------------------

The IRGS prognostic value was evaluated in all stages and stage I&II patients with GC in the training, meta-validation (combination of the Yong and Lee cohorts) and independent validation cohorts by the log-rank test, respectively. Then we integrated IRGS with available clinical and pathologic variables in multivariate analyses to further assess whether it is an independent risk factor in the Yong cohort (only this data set contains clinical information such as age and tumor stage).

2.5. Functional annotation and analysis
---------------------------------------

Gene ontology (GO) analysis was conducted using gProfiler (<https://biit.cs.ut.ee/gprofiler/>) for prognostic immune signature. Gene set enrichment analysis (GSEA) ^\[[@R23]\]^ was performed between high- and low- risk groups using the Bioconductor package 'fgsea' with 10,000 permutations. Gene sets of cancer hallmarks from MSigDB ^\[[@R24]\]^ were examined. The FDR-adjusted *P* \< .05 was used to select statistically significant gene sets. To dissect immune cell infiltration in different risk groups, we employed CIBERSORT,^\[[@R25]\]^ a popular algorithm for characterizing cell composition from bulk-tumor gene expression profiles.

2.6. Statistical analysis
-------------------------

Statistical analyses were performed using R (version 3.4.3, [www.r-project.org](http://www.r-project.org/)). Continuous variables were compared using Wilcoxon rank sum tests. Survival analyses were performed using the Kaplan--Meier method and compared using a log-rank test by 'survival' package (version: 2.41.3). The LASSO regression was implemented using 'glmnet' R package (version: 2.0-16). Univariate and multivariate analysis of the association of IRGS and other clinical pathologic factors was evaluated using the log-rank test. Time-dependent ROC curver analysis was performed using R package 'survivalROC' (version: 1.0.3). For all tests, a *P*-value \< .05 was considered to be significant. Statistical significance is shown as ∗*P* \< .05, ∗∗*P* \< .01, ∗∗∗*P* \< .001.

3. Results
==========

3.1. Construction of IRGS and its prognostic value
--------------------------------------------------

Cristescu (GSE62254) cohort was used as the training cohort. In total, 1811 immune-related genes (IRGs) from the ImmPort database, including 17 categories. A 360 IRGs remained after filtering median absolute deviation (MAD) \> 0.5 and excluding the genes expressed less median expression level. By 1000 randomization of Cox univariate regression, 59 IRGs were found robustly related with patient\'s OS. To establish a risk model for patients with GC, 16 prognostic IRGs (*HSPA1A, HSPA1B, HSPA5, MICB, PSMC3, TAP2, KIAA0368, RBP1, APOD, VDR, PPP3R1, IL11RA, LGR4, NRP1, PLCG1, GZMB*) were selected and combined for the construction of the IRGS using LASSO Cox regression in the training cohort (Supplemental Fig. 1, 2 and Table 1). The coefficient of each gene in the IRGS was listed in Table [1](#T1){ref-type="table"}. Risk scores were calculated using the formula devised from this Cox regression model (Table [1](#T1){ref-type="table"}). Time-dependent ROC curve analysis showed satisfactory prognostic significance at 10 years, the optimal cutoff to stratify immune high- and low-risk group was determined at 0.073 (Supplemental Fig. 3). The IRGS significantly divided patients into low- and high- risk groups in terms of OS (Fig. [1](#F1){ref-type="fig"}A, B and Supplemental Table 2, HR, 3.9 \[2.78--5.47\]; *P* \< 1.0 × 10^−22^) in the training cohort. When considering patients with stage I&II GC only, the IRGS remained highly prognostic in terms of OS (Fig. [2](#F2){ref-type="fig"}A, B, HR, 5.85 \[2.98--11.48\]; *P* = 6.21 × 10^−9^) for the training cohort.

###### 

Model information.
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![The outcome of low and high immune risk in patients with GC. Patients with GC were ranked by immune risk scores in the training cohort (**A**) and the meta-validation cohorts (**C**). Kaplan--Meier curves comparing patients with low or high immune risk in training cohort (**B**) and meta-validation cohort (**D**). *P*-values were calculated using log-rank tests and HR is short for hazard ratio. GC = gastric cancer.](medi-98-e16273-g002){#F1}

![The association of the IRGS with OS in stage I&II patients with GC. Patients with GC of Stage I&II were ranked by immune risk scores in the training cohort (**A**) and the meta-validation cohorts (**C**). Kaplan--Meier curves showed OS of stage I&II patients in immune score low and high subgroups in training (**B**) and meta-validation cohort (**D**) datasets, respectively. *P* values comparing risk groups were calculated with the log-rank test. GC = gastric cancer, IRGS = immune-related gene signature, OS = overall survival.](medi-98-e16273-g003){#F2}

3.2. Validation of the IRGS as a prognostic factor of patients with GC
----------------------------------------------------------------------

To determine whether the IRGS had similar prognostic value in different populations, we applied the same formula to two different cohorts from the Yong and Lee cohorts as external validation sets. As expected, the IRGS significantly stratified patients in terms of OS (Supplemental Table 2 and Fig. 1C, D, HR, 1.84 \[1.47--2.30\]; *P* = 6.59 × 10^−8^) in the meta-validation dataset. On the Yong and Lee cohorts, the high-risk group had significantly worse OS than the low-risk patients (Fig. [3](#F3){ref-type="fig"}, Lee cohort, HR, 1.69 \[1.15--2.49\], *P* = 7.16 × 10^−3^; Yong cohort, HR, 1.88 \[1.42--2.48\], *P* = 6.1 × 10^−6^). Considering stage I&II GC, the IRGS remained highly prognostic for the meta-validation cohort (Fig. 2C, D, HR, 1.96 \[1.34--2.89\]; *P* = 4.73 × 10^−4^). When considering stage I&II patients in independent validation cohorts, the high-risk group had significantly poor OS than patients in the low-risk group (Supplemental Fig. 4, Lee cohort, HR, 1.70 \[1.08--2.68\], *P* = 1.97 × 10^−2^; Yong cohort, HR, 2.88 \[1.36--6.10\], *P* = 3.93 × 10^−3^). To further investigate whether the IRGS could serve as an independent predictor of prognosis, uni- and multivariate Cox regression analyses were applied to the Yong cohort. After adjusting for the clinical and pathological factors such as sex and tumor stage, the IRGS remained an independent prognostic factor (Table [2](#T2){ref-type="table"}).

![Kaplan--Meier curves for validations of the IRGS. (**A**) and (**C**) OS among patients in the validation 1 cohort. (**C**) and (**D**) OS among patients in the validation 2 cohort. Hazard ratios (HRs) and 95% CIs are for high vs low immune risk. *P* values comparing risk groups were calculated with the log-rank test. IRGS = immune-related gene signature, OS = overall survival.](medi-98-e16273-g004){#F3}
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Univariate and multivariate analyses of prognostic factors in validation cohort.
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3.3. In silico functional analysis of the IRGS
----------------------------------------------

In order to gain new insights into the biological role of the obtained risk groups, we carried out immune infiltration analysis, GO analysis and GSEA. For immune infiltration, we found that the percentages of T cells CD4 memory resting and Macrophage M2 were significantly higher in the high-risk risk group compared with the low-risk group. Among low-risk group, NK cells activated, CD4+ T cells memory activated and CD8+ T cells infiltration showed significantly higher than the high-risk group (Fig. [4](#F4){ref-type="fig"}**A**). Previous studies have reported the association of macrophage M2 ^\[[@R26]\]^ with poor prognosis, while NK cells activated ^\[[@R27]\]^ and CD8+ T cells ^\[[@R28]\]^ as the indicator of better prognosis. Furthermore, the risk groups specific immune cell subsets infiltration was also validated in meta-validation cohorts (Fig. [4](#F4){ref-type="fig"}**B**). The GO analysis revealed that the genes within the IRGS were mostly involved in the immune response (Supplemental Fig. 5; GO terms, such as immune response, immune system process, and regulation of immune system process). The GSEA was carried out between high- and low- risk groups to investigate the pathways that were significantly altered. Multiple mesenchymal phenotype-related pathways, including the epithelial-mesenchymal transition (EMT), adhesion junction, TGF-beta signaling pathway, and extracellular matrix signaling pathway, were highly enriched for the high-risk groups (false discovery rate (FDR) \< 0.01) (Supplemental Fig. 6 and Supplemental Table 3). The enrichment of mesenchymal phenotype-related pathways suggests that the IRGS reflects cancer status and thus predicts the prognosis of GC.

![Immune infiltration status of IRGS risk groups. 22 immune cells' abundance for different immune risk groups (**A**). Specifically enriched immune cells within different immune risk groups in the training and meta-validation cohorts (**B**). Macrophage M2 and T cells CD4 memory resting cells were enriched in the high-risk group. The NK cells activated, CD4+ T cells memory activated and CD8+ T cells were enriched in the low-risk group. In all boxplots, *P*-values are based on the Wilcoxon Test (∗ *P* \< .05, ∗∗ *P* \< .01, ∗∗∗ *P* \< .001). IRGS = immune-related gene signature.](medi-98-e16273-g006){#F4}

4. Discussion
=============

Gastric cancer (GC) is the 4th most common malignancy diagnosed worldwide ^\[[@R1]\]^ and the 2nd leading cause of cancer-related death with a poor 5-year survival rate.^\[[@R29]\]^ Accordingly, it is essential to evaluate the prognosis of patients with GC. Prognostic-related biomarkers are the key point in the risk stratification of individual patients with GC and the decision regarding treatment. Reliable prognostic biomarkers are urgently needed to screen patients with the highest risk of recurrence or who may require additional systematic treatment. This need is particularly pronounced in the treatment of patients with GC, where effective prognostic markers can be more selective in the application of adjuvant chemotherapy. Currently, tumor stage and grade are still the most common ways to evaluate the risk of patients with GC, and besides, a lot of multigene prognostic signatures ^\[[@R7]--[@R10]\]^ have been developed for GC, but the accuracy of their prognosis predictions remains uncertain. Prognostic biomarkers related to the tumor microenvironment may hold great promise for identifying novel molecular targets for improving treatment strategy in patients with GC.^\[[@R18],[@R30],[@R31]\]^ In this study, we built a prognostic model contained 16 IRGs based on the ranking of gene values.

To the best of our knowledge, this is a novel study incorporating different IRGs to develop a prognostic predicted immune-related signature for patients with GC. Most genes involved in our immune signature were antigen processing and presentation, antimicrobials, and cytokine receptors, which play key roles in immune response, response to bacterium, and inflammatory processes. Our prognostic immune-related signature can stratify patients with GC into subgroups with different survival outcomes in multiple independent data sets, including stage I&II patients with GC. In addition, Macrophage M2 has been shown to be related to poor prognosis in a variety of cancer types.^\[[@R26]\]^ We found significantly increased infiltration level of Macrophage M2 in the immune high-risk group. The NK cells activated ^\[[@R27]\]^ and CD8+ T cells ^\[[@R28]\]^ were significantly correlated with patients' longer survival. On the basis of the aforementioned findings, we found significantly increased infiltration of NK cells activated and CD8^+^ T cells in the immune low-risk group. Based on current findings, immune cell subsets might play a role in the prognosis differences observed between risk groups as defined by our immune signature. This result was consisted with the functional annotation by GSEA. Most valuable overrepresented biological processes we found were mesenchymal phenotype-related pathways, which were associated with tumor metastasis.

We should also consider the limitations of our research. First, our prognostic signature is based on the gene expression profiles produced by microarray platforms, which is difficult to popularize in routine clinical applications due to its high price, long conversion cycle and requirements of bioinformatics expertise. Some alternatives might be worth exploring, such as IHC based assays that derive optimized feature genes filtered from the prognostic signature. Secondly, the training cohort used to construct the immune signature came from retrospective studies and included fresh frozen samples. Therefore, there still remain doubts concerning the robustness and efficiency of FFPE samples. More data sets with different sample attributes need to be integrated for extensive validation.

Taken together, the IRGS identified by us may provide a legitimate approach in GC management. Meanwhile, we also revealed that the signature positively correlated with the infiltration of immune cell subsets and inflammatory response (e.g., Macrophage M2, CD8^+^ T cells, and immune response). Our immune gene signature can effectively predict patients' survival of patients with GC. Moreover, this signature provides a panoramic view of the tumor immune microenvironment and will be a useful predictive tool to identify patients who might benefit from immunotherapy.
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